State-wide reports on police traffic stops and searches summarize very large populations, making them potentially powerful tools for identifying racial bias, particularly when statistics on search outcomes are included. But when the reported statistics conflate searches involving different levels of police discretion, standard tests for racial bias are not applicable. This paper develops a model of police search decisions that allows for non-discretionary searches and derives tests for racial bias in data that mixes different search types. Our tests reject unbiased policing as an explanation of the disparate impact of motor-vehicle searches on minorities in Missouri.
A recent wave of public concern about the disparate impact of police behavior on racial and ethnic minorities has led to a significant increase in the publication of statistical reports regarding the impact by race of police actions in the United States. For instance, according to the U.S. Department of Justice (2001) , 16 state police agencies required collection of race and ethnicity data for all traffic stops as of March 2001, compared to only seven states in 1999. An additional 23 state agencies required collection of such data when arrests or violence ensued. The objective of publishing these reports is to allow public monitoring of racial or ethnic inequities in the burden of police activities, but it is not clear how or even whether such aggregate data can be useful in measuring discrimination against minorities by the police.
In regards to traffic stops and vehicle searches, these data typically confirm the hypothesis of disparate impact by race: motorists of some minority groups, such as African-Americans and Hispanics, are much more likely than other motorists to be subjected to police searches of their vehicles. For instance, Gross and Barnes (2002) find that on a given stretch of I-95 in Maryland over a 5-year period, black drivers were twice as likely as white motorists to be stopped and five times as likely to be searched. Many commentators agree that this situation is unfair to members of racial minorities, but tend to assume that there is a trade-off between fairness and efficient policing. Indeed, this is implicit in the term racial profiling, which refers to the standard police practice of basing search decisions on the fit between the motorist and descriptions (profiles) of typical law-breakers. 4 The racial profiling story is thus an example of statistical discrimination in which the police are racially unbiased, in the sense that they do not care about race directly, but only as an instrument to predict criminality. However, police might also be racially biased in the sense that they care about race directly; for instance they may derive utility from searching minority motorists, in which case statistical discrimination will lead them to search minorities at a higher rate than if they were unbiased. If this is the case, then the public controversy over the apparent dilemma between effective policing and racial profiling may actually harm minorities by camouflaging instances of racial bias in the sense defined above. Disparate impact caused by racist policing is probably not the whole story behind the racial profiling controversy, but if such a bias explains even a part of the problem, then disparate impact can be reduced in a non-controversial way by testing for and eliminating bias that does not fit the racial profiling model. In this perspective, the essential question is: how can the aggregate profiling statistics published at the state level be used to distinguish racial profiling from racial bias?
In this paper, we examine ways to apply a well-known test, the comparison of average searchsuccess rates by race, to summary statistics by race where different kinds of search are aggregated together. The key properties that we require to analyze a report is that it include, for each police force, reports of search-success rates by race, as well as the proportion of searches that were discretionary (as opposed to mandatory, or non-discretionary) because we presume that police agents have the ability to exercise racial bias only when searches are not compulsory. To the best of our knowledge Missouri is the only state with a public-access traffic-stop report, published by the Missouri Attorney General's Office (henceforth AGO), that fulfills these criteria. A recent survey of state traffic-stop data sets by the U.S. Department of Justice (2001) does not even mention types of search or search outcomes in their report on data collection policies. The results of our paper suggest that this is a serious oversight that limits the ability to monitor the racial bias of police forces. 5 The tests that we develop here are based on an equilibrium argument by Knowles, Persico and Todd (2001) (henceforth KPT) . The key assumptions are: 1) police choose search rates by race to maximize overall find rates, 2) the race of motorists is related to their probability of carrying contraband at a given search probability, and 3) motorists respond to higher risks of search by reducing their probability of carrying. In the equilibrium with unbiased policing, the success rate for discretionary searches will be equal across all observable groups that are searched with interior probabilities. If however the police are biased against a given group of motorists, this will be revealed by a lower success rate in such searches. KPT found that success rates for the Maryland State Police did not vary significantly by race, supporting racial profiling, in the sense of unbiased policing, as an explanation for higher search rates of black motorists.
In contrast to the Maryland data, search success rates in the Missouri data are often much lower for blacks and Hispanics than for white motorists. However the 2001 report stated that the reason lower success rates for minorities did not imply biased policing was that minorities are more often arrested in traffic stops, and police are required to search the motorist and vehicle as part of the arrest procedure. 6 Since the success rates that we observe aggregate over both types of search of a given race by a given police force, it is possible for unbiased policing to result in lower overall success rates for minorities. Therefore the KPT test is not applicable when find rates on non-discretionary searches are lower than on discretionary searches.
We extend the KPT model to incorporate non-discretionary searches, and propose a way to test this explanation of racial disparities. We use basic properties of probabilities to infer nonparametric bounds on success rates for discretionary searches, and derive confidence intervals for these bounds. We then explore two ways to sharpen these bounds: using additional information, and making auxiliary assumptions on the distribution of the find rates of non-discretionary searches.
As additional information, we impose the restriction implied by the AGO statement, that nondiscretionary searches have lower success rates. As auxiliary assumptions, we impose parameterized restrictions on the disparity between the success rates of the two types of searches. We compare our results with these tests to the results under the KPT test, which is based on the assumption that all searches are discretionary.
Our main empirical results are (statistics below refer to tests with 95-percent confidence inter-vals):
1. Under the KPT test, we reject equality of search rates for police forces representing at least 46 percent of all discretionary searches.
2. Police forces that are found to be biased under our strictly non-parametric bounds account for at most 2 percent of all discretionary searches. Despite the apparently large differences in success rates by race, the proportions of non-discretionary searches are too large to rule out equality by race of find rates for discretionary searches.
3. Our test based on the AGO restriction finds that police forces biased against minorities account for at least 30 percent of all discretionary searches; while this is much more than under the basic non-parametric bounds, it is significantly less than under the KPT test. Hence we find that a large fraction of searches in Missouri are carried out by police forces for which we do not reject unbiased policing.
4. Most of the police bias identified by the AGO test is directed against Hispanics rather than blacks: the share of searches by police biased against blacks is only 7 percent, compared to 40 percent for police biased against Hispanics.
5. Black motorists are most at risk from biased police when travelling through areas where blacks have a relatively small share of population. Similarly, Hispanics are most at risk in neighborhoods with a small minority share of the population.
6. Standard measures of disparity between racial composition of the resident population and the population searched or stopped by police are not useful predictors of racial bias according to our tests. 7
Our non-parametric bounds are based on Horowitz and Manski (1995) . Previous work by Kreider and Pepper (2003) and Dominitz and Sherman (2003) shows the usefulness of additional assumptions to sharpen bounds. Our use of the AGO statement most closely resembles the "ordered outcomes" assumption described in Manski (1995) , and used by Pepper (2000) . The confidence intervals we use to implement our test are derived from Horowitz and Manski (2000) and Imbens and Manski (2003) . Our problem is somewhat simpler than those described above, however, as we do not have to make inferences about the unconditional distribution of find rates, which in our case is identified by the data, but only about the find rate conditional on discretionary search.
The rest of the paper is organized as follows. In the next section we extend the model of Knowles, Persico and Todd (2001) to the case where some searches are non-discretionary and derive formally the various tests described above. Section 3 describes the data for Missouri. In Section 4 we describe our main results from applying the bounds tests to these data. In Section 5 we present a statistical analysis of the differences between the tests, and in Section 6 we characterize the police forces we find to be biased. We conclude with a summary and some caveats.
We suppose that there is a population of motorists who decide whether or not to carry contraband.
There are three types of motorists; non-felons (z = 0), type-1 felons (z = 1) and type-2 felons (z = 2). Motorists also differ according to race, r ∈ {b, w} and other characteristics, c. They are randomly stopped by the police with an exogenous probability π s that is independent of motorist characteristics. When the police agent makes the stop, she learns whether the motorist is a felon; if so, she arrests the motorist and searches his vehicle, otherwise the police agent observes the motorist's characteristics and decides whether or not to search his vehicle for contraband. This gives rise to two types of search; in the first case, these are non-discretionary searches (d = 0), and the second these are discretionary (d = 1) . All searches of motorists who carry contraband are assumed to be successful, in which case the motorist is subjected to a punishment that is independent of his characteristics, but might depend on his type. We also assume that all searches reported to be successful were of motorists who were in fact carrying contraband.
We assume that police agents get utility from finding contraband. In order to reflect the possibility of racial bias, we allow the cost of searching motorists, t r , to depend on the race of the motorist. We also assume that police know the function p (g|c, r, z) that gives the probability of a motorist carrying contraband. Let the density function µ (c, r, z) represent the distribution of c across motorists who are not felons. Let the payoff to police from finding contraband be normalized to 1. Then we can write the police problem as choosing a search probability function γ (c, r) to solve:
(1) max
The solution implies that γ (c, r) ∈ (0, 1) only if the expected payoff from a search is zero.
We assume that whether the motorist is a felon does not affect the utility ν (c, r) from carrying contraband, but may affect the disutility j (c, r, z) from being subjected to a successful search.
There are no costs of being subjected to unsuccessful search. If motorists carry contraband with some positive probability p (g|c, r, z) ∈ (0, 1) , then they must be indifferent between carrying and not carrying. For non-felon motorists, this implies the unconditional search probability satisfies:
Felon motorists on the other hand must take into account that they face a higher probability of being searched than non-felon motorists. This is because a greater number of motorists are stopped than are eventually searched, but all felons who are stopped are searched. Since non-felons are indifferent at a lower search probability, the carrying probability for felon motorists would be zero if the payoffs were identical; hence to model positive carrying rates for felons, we allow the utility gain from carrying contraband to be higher for some felons. We assume that for type-1 felons, arrest does not affect the net utility gain from carrying contraband, but for type 2 felons the utility loss of being found with contraband is smaller. This may arise for instance if minor offenses like carrying contraband tend to be ignored when sentencing such felons. equals the cost per search and police impose higher search rates on motorists with higher utility of carrying contraband (relative to the punishment utility). The main result of the KPT model is that search rates may differ by the race or other characteristics of the motorist, but if the cost of search is independent of motorist characteristics, and if carrying probabilities are interior, then success rates of discretionary searches are equalized across all groups of motorists that are distinguishable to the police. The economic force that drives this result is that if some observable group of motorists were to carry contraband at a higher rate than the rest, then the police would allocate more resources to searching that group, and the observed find rate would be higher for that group. This would lead motorists of that group to reduce their probability of carrying contraband.
In addition to the implications for discretionary searches, the current model implies carrying rates for felons that depend on the size of the punishment j (c, r, 0) relative to j (c, r, 2), and the distribution of felons across felony types. Let π ri = µ (c, r, i) dc be the proportion of motorists of race r who are type-i felons. If j (c, r, 2) < j (c, r, 0) then for each groups (c, r), if the non-felons carry with positive probability, then type-1 felons do not carry, while type-2 felons carry contraband for sure. The find rate on non-discretionary search is thus given by the relative frequency of type-2 felons:
A particular racial group r may therefore be subjected to discretionary search at a higher rate than other groups for two possible reasons. First, non-felon motorists of race r may experience a higher utility gain ν (c, r) − j (c, r, 0) from carrying contraband, and second, the police agent may have a lower cost of search t r for that race. The first explanation corresponds to statistical discrimination, and the second to racial bias. It is clear that in a legal context, such as the sources cited in the introduction, the term 'racial profiling' is intended to refer to the first type of discrimination, although public usage may confound the two.
KPT discuss two related issues that may arise with the interpretation of the model. First, the above results for discretionary search apply only to groups of motorists who, in equilibrium, carry contraband and are searched with interior probabilities. KPT show that it is trivial to extend the model to allow for types that are searched with probabilities zero or one. 8 Second, the reader may object, on the grounds of implausibility, to the result that motorists choose a mixed strategy.
However KPT show there is an alternative interpretation of the model, in which the equilibrium properties are identical, such that motorists do not choose mixed strategies, but instead each group of motorists distinguishable to the police contains types who carry at the equilibrium search rate and types who do not.
Testing for unbiased policing
In this section, we develop non-parametric bounds on the success rates of discretionary searches, and then test whether confidence intervals around these bounds overlap. We sharpen these bounds in two ways: by using additional information, and by making auxiliary assumptions on the distribution of the find rates of non-discretionary searches.
A key implication of the equilibrium is that, for motorists subject to discretionary searches with some interior probability, the average search success rate p (g|c, r, z = 0) depends only on the search cost. Thus in the absence of racial bias, the success rate will not depend on the observable characteristics of the motorists searched. On the other hand, if racial bias leads to higher search rates for a given class (c, r), then it must be the case that the success rate of searching that class will be lower, as motorists respond by reducing their carrying probability.
The KPT Test: Equality of Success Rates
The essence of the test by KPT is therefore to check whether the observed search rates differ by race of the motorist or by other characteristics. It is important to note that this test does not require identifying the marginal motorist of each race, as is the case with standard applications of outcomes-based testing. This makes the test particularly well suited to analyzing summary statistics, as in the current paper, where motorist characteristics are not available at an individual level. When individual data are available, then the KPT test applies directly; it suffices to compute the mean success rates of the discretionary searches on each race of motorist, and test whether the differences among these rates are statistically significant. In the absence of individual data, the same direct test can be applied, provided that the statistics were generated from discretionary searches only.
When the test is to be applied to summary statistics that combine both discretionary and nondiscretionary data however, then this test is no longer valid. While in the original KPT model lower success rates indicate taste-based discrimination, in our model, different success rates of non-discretionary searches may also be an explanation of different observed success rates. Before concluding that differences in success rates indicate biased policing, it is therefore necessary to ask whether it is likely or even possible that the rate of non-discretionary search can explain these differences.
The HM Test: Non-parametric bounds
Since probabilities are bounded and must sum to one, it is theoretically possible to reject unbiased policing at the level of the individual police force by establishing upper and lower bounds for the success rates of searches. To clarify our approach, let P r d be the success rate for type-d searches. The idea, derived from Horowitz and Manski (1995) , is to compute the success rates P r 1 for each race r for each police force under extreme assumptions about the success rates in non-discretionary searches, P r 0 . This defines the identification region, the range of possible success rates for each racial group. If the range of success rates of searches on blacks overlaps with that of white motorists, then no inference is possible. On the other hand, if there is a sufficiently high probability that the lower bound on the success rate for white motorists is higher than the upper bound on the success rate for black motorists, then we can reject unbiased policing. According to the model, the success rate for discretionary searches in equilibrium is given by:
The success rate of non-discretionary searches of felons is P r 0 . The model implies this is given by:
Suppose the success rate we observe, Q r , is the mean over searches of both types. Then letting π r = π r1 + π r2 , this is given by:
Even if we observe π r , the problem is that the data does not identify P r 1 : we would need to know both π r and P r 0 . By solving equation (3) for P r 1 , given that P r 0 ∈ [0, 1], we can establish bounds on P r 1 : 9
We derive confidence intervals that contain the parameter P r 1 with probability α. These extend beyond the bounds by a distance D (α), which we derive in the appendix. Our HM test rejects unbiased policing if the confidence interval on the search success rate for searches of white motorists lies entirely above that of black motorists. 10
The AGO test: Sharpening the Bounds with Additional Information
These bounds can be made sharper using additional information or assumptions. For instance, the Missouri AGO report implies that non-discretionary searches have lower success rates. 11 In terms of our model, we take this to mean P r 0 ≤ P r 1 . This is an example of an "ordered outcome" assumption, as described by Manski (1995) ; imposing this information on equation (3) serves to sharpen the lower bound on P r 1 :
In this case, the bounds for P r 1 are tighter than the previous bounds for P r 1 in expression (4), as the lower bound corresponds to the probability of the observable search success Q r , and the upper bound corresponds to the upper bound in expression (4). 12
To implement this test on finite samples, we derive confidence intervals for the identification region defined by the bounds; the derivation is shown in the appendix. We reject unbiased policing whenever the confidence interval around the identification region for the success rate on searches of white motorists lies above that of black motorists. 13 Thus the condition, P r 0 ≤ P r 1 , which may raise the lower bounds, but has no effect on the upper bounds, will tend to result in a greater rate of rejection than the non-parametric bounds in (4). The opposite restriction, P r 0 ≥ P r 1 , would lower the upper bounds, but have no effect on the lower bounds. This in general would also increase the rate of rejection. Hence, in general, the bounds would be tightened no matter what the sign of the restriction, so long as the same condition holds for both black and white motorists. The report provides counts of stops and searches by racial category for each law enforcement agency in the state that reported data to the AGO. But the individual records for each traffic stop are not provided in the Annual Report, and were not available for the current paper. Thus the only tabulations possible are by race and by police agency, not by any other variables present in the report.
The AGO requires police officers to classify the driver's race or minority status on the basis of visual observation. The idea is that while this may not be altogether objective, the object of interest is the officer's impression of the driver's status; police are not required to ask motorists their race. It is not clear from the documentation how visual observation is meant to distinguish 12 In equation (3) let P r 0 vary from 0 to P r 1 and solve for P r 1 . 13 Note that while the confidence interval in the HM test contains the parameter P r 1 with probability α, the confidence interval in our other tests contains the identification region with probability α. Imbens and Manski (2003) show that the latter contains the former, so our tests tend to reject less often than would tests based on the first type of confidence interval. We use the second type of interval for reasons of tractability.
14 Clearly the bounds can be tightened only if the AGO model is correct, and only the HM bounds provide a true lower bound because they are derived from the least restrictive model. Hispanics from other motorists.
The reports also list the numbers of searches motivated by the different types of probable cause used as pretext to conduct the search. These are Consent, Inventory, Drug/Alcohol odor, Incident to the Arrest, Plain-view contraband, Reasonable suspicion of weapon, Drug-dog alert, and Other.
In particular, a search is classified as Incident to the Arrest (henceforth ITA) if the search follows an arrest made solely on information derived from the traffic stop.
Arrests made on information based solely on the traffic stop result in the police officer being forced to search the driver and the vehicle. In the 2000 report, the Attorney General, Jay Nixon, states: "A motorist with an outstanding arrest warrant will, and should, be arrested and will, and should, be searched pursuant to that arrest." The 2001 report states that when arrests are made on the basis of the stop only, searches are "almost always performed," and that arrests "compel a search." Thus ITA searches are non-discretionary; we assume that all other reported searches are discretionary. 16 In terms of our model, ITA searches correspond to police stops of felons of either type, while discretionary searches are of non-felons.
We have restricted our analysis to the three main types of law enforcement agencies: police departments, sheriff departments, and state troopers. The excluded law enforcement agencies include minor agencies such as park rangers, college police departments, and airport security. We have also restricted the study to the three largest racial or ethnic groups: white, African-American, and Hispanic drivers, excluding three smaller categories: Asian, American-Indian and Other.
Because our analysis focuses on discretionary searches, we have additionally excluded from the sample agencies where all searches of minority motorists were non-discretionary. Finally, for our tests we have selected those agencies that reported 5 or more searches for both white and African-American drivers and those that reported 5 or more searches for both white and Hispanic motorists. Despite these restrictions, our sample accounts for almost all searches in the report, as the police forces we exclude tend to conduct very few motorist searches. Our final sample of 191 law enforcement agencies represents about 83 percent of all stops, and 85 percent of all searches in the report.
[ The median values for search success among black motorists are equal to 3 and equal to 0 for Hispanic drivers. This is because many agencies reported no finds among minorities.
[ Figures 1-3 show the distribution of the fraction of non-discretionary, or ITA, searches by police force and race. In each case, the distribution only includes agencies that reported at least 5 searches for each racial group. There were 27 police forces that reported no ITA searches of whites, 6 agencies that reported no ITA searches of black drivers, and 6 agencies that reported no ITA searches of Hispanics. When the ITA frequency is zero, the observed searches for the category of motorist in question are discretionary. The charts indicate that most police forces, however, had positive ITA frequencies, and therefore it is important to take into account the effect of non-discretionary searches.
[ Table 2 about here.]
In Table 2 we present another view of the numbers in Table 1 , now expressed as fractions of total stops or searches. We learn from this table that in the aggregate, about 7 percent of stops result in searches, and that the probability of being searched given a traffic stop is much higher for Hispanics (about 0.13), and for blacks (about 0.11), compared to whites (about 0.06). About half of the searches are non-discretionary or ITA. Again, this rate is higher for Hispanics (about 0.53), and even higher for blacks (about 0.59), than for white drivers (about 0.50). Of our measures of search success, all three rates are much higher for white drivers. For Hispanic drivers, the probability that a search will result in drug finds, contraband finds, or arrests are, respectively, 0.08, 0.11, and
17 The summary statistics of Tables 1 and 2 were computed using data from all these 191 agencies to compute correctly the sum of searches, but the comparison tests for black and Hispanic drivers were carried out separately with only those agencies which reported at least 5 searches of both white and minority drivers.
18 The measure of contraband includes drugs, alcohol, currency, weapons, or stolen property. The measure of searches resulting in arrests was made available in the data provided to us by the AGO, but it is not included in the Annual Report. The measure of arrests included in the report does not distinguish arrests resulting from stops only or from the search outcome. 0.08. For black drivers, the probabilities are 0.12, 0.15, and 0.13. For white drivers, these numbers are 0.19, 0.22, and 0.14. The fraction of traffic stops with drivers age 29 or younger is about 50 percent for blacks and whites, but it is higher for Hispanics (about 58 percent). The fraction of traffic stops with male drivers is about 66 percent for blacks and whites, but it is also higher for Hispanics (about 83 percent).
In Table 2 we present a measure of racial disparity that indicates the incidence of traffic stops and searches among racial groups relative to the group's size in the population. The disparity index in terms of traffic stops is included for each law enforcement agency in the Annual Report and forms the basis for the analysis presented by the Missouri Attorney General of the problem of disparate impact and racial bias of law enforcement. This measure equals the share of traffic stops of a given group divided by the group's population share among the total population of driving age. 19 We also computed the disparity index in terms of searches. The interpretation of these disparity measures is as follows. If the disparity index exceeds 1 the group is over-represented relative to its share of the population. The table shows that whites and Hispanics are neither overrepresented nor under-represented in terms of traffic stops, relative to their share of population, but blacks are over-represented and are being stopped at a rate 48 percent higher than their share of the population. In terms of the share of searches, the disparity index for blacks is 2.40 and for Hispanics 1.86, indicating that both minorities are strongly over-represented in the search statistics, relative to the population composition of the locations where the police forces are based.
Results
[ Table 3 about here.] Table 3 summarizes the results for the different types of bounds we constructed according to the analysis in Section 2. The numbers in the table give the percent of all discretionary, or non-ITA, searches carried out by police forces for which we can reject the null hypothesis of equal searchsuccess rates among racial groups. The first column gives the percentage of all discretionary searches accounted for by these forces, while the next two columns give the percent of discretionary searches of blacks or Hispanics accounted for by these police forces.
We report these percentages for three motorist types: the rows labelled Black refer to police forces for which we rejected the null for black motorists, Hispanic if we rejected for Hispanics, and Minority for rejection of the null for either Hispanics or blacks. Each of the three sections of the table refers to a different measure of search success. The tests are labelled KPT for the direct comparison of observed search success rates (which do not distinguish between discretionary and non-discretionary searches), HM for the widest bounds, given in equation (4), and AGO for the bounds that are narrowed using the inequality P r 0 ≤ P r 1 . For the bounds tests, we reject unbiased policing if and only if the upper limit of the confidence interval around the bounds on the minority rate does not exceed the lower limit of the confidence interval around the bounds of the white 19 For our analysis, we obtained the population of individuals age 18 or older in each city or county corresponding to each police or sheriff department in the sample, and the state population for the State Police. Ideally, the population of motorists should be used, but the census information is more readily available.
rate. We report results for the 95-percent and 99 percent confidence intervals. Our discussion of table 3 below focuses on the column corresponding to the 95-percent confidence intervals under the heading non-ITA Searches and the rows corresponding to Minority, According to the KPT test, police forces biased against minorities account for 67 percent of total searches, if the success measure is the drug find rate. In regards to general contraband finds, the police forces found to be biased under the KPT test account for 55 percent of discretionary searches. For searches resulting in arrest, biased police forces account for 46 percent of discretionary searches according to the KPT test.
We find that police forces that are found to be biased under the HM bounds account for a small share of total searches. The table shows that using the HM bounds, it is possible to reject unbiased policing against minorities for at most 2.3 percent of searches carried out, looking at the bottom panel of the table labelled Guilt 3: Arrests from Searches. This is because, despite the apparently large differences in success rates by race, the proportions of ITA searches are too large to prevent overlap of the bounds for the discretionary search success rates.
However the AGO test suggests a picture much closer to that of the KPT test: biased police forces account for a large share of discretionary searches. Using Drug Finds as the success measure, police forces biased against minorities account for 42 percent of total searches according to the AGO test, compared to 67 percent for the KPT test. The other definitions of success yield similar results. In regards to contraband finds, biased police forces account for 35 percent of discretionary searches under the AGO test, while for searches resulting in arrest, biased police forces account for 29 percent of discretionary searches. Thus while the information that ITA success rates are lower than for discretionary searches does reduce the rate of rejection of unbiased policing when compared with the KPT test, it raises the rejection rate when compared with the HM bounds.
Most of the police bias that we can detect is directed against Hispanics rather than blacks.
According to the KPT test for contraband, police biased against blacks account for 35 percent of discretionary searches, whereas those biased against Hispanics account for 38 percent. According to the AGO test however, the share of searches by police biased against blacks is only 6 percent, compared to 32 percent for police biased against Hispanics. It is clear from the larger difference in the case of the AGO test that the rate of non-discretionary searches is a more important factor for black searches than for Hispanics.
According to the AGO test, police biased against blacks account for a much smaller share of searches of blacks than they do of total searches. The opposite is true for Hispanics, though the effect is less pronounced. According to the AGO test for drug finds, police biased against blacks account for about 1 percent of searches of blacks, compared to 7 percent of total discretionary searches. For the other success measures, the pattern is similar. Police biased against Hispanics, on the other hand, account for large shares of searches of Hispanics as well as large shares of total discretionary searches.
The tests presented above are based on contrasting assumptions about the difference in find rates for ITA searches. The KPT test implicitly assumes that ITA and discretionary search-sucess rates are identical, while the AGO test assumes that the minority ITA find rate can be as low as zero, but no greater than the non-ITA find rate. Overall, the AGO assumption, that success rates for non-discretionary searches are no greater than those for discretionary search, results in a significant tightening of the bounds. Except in the case of arrests from searches, it is clear that far fewer police forces appear biased against blacks under the AGO test than under the KPT test. This is because the AGO test is more conservative than the KPT test, in that it attributes differences in find rates by race to disparities in the find rates of non-discretionary search. Thus the difference between the KPT and AGO rejection rates measures the extent to which separate tabulation of hit rates for discretionary and non-discretionary search would be helpful in identifying biased policing, over and above the information already contained in the statement that ITA find rates are lower.
If find rates on minority motorists are lower than for whites, and the rate of ITA search is non-zero in both cases, the AGO test will assume that the ITA hit rate for whites was equal to the average for whites, and that for minorities it was zero. The HM test on the other hand, would assume in this case that the ITA find rate for whites was one, further reducing the probability of rejection of the unbiased policing hypothesis. Note that to the extent that ITA hit rates for minorities are greater than zero or those for whites less than the discretionary success rate, our estimates under the AGO test of the share of searches by biased police will under-estimate the actual share.
Since the difference in rejection rates among the tests is quite large, it would be useful to know whether ITA find rates have to be implausibly lower than those for non-ITA searches for the AGO results to obtain. We do not have a measure of plausibility, but we can carry out the tests under the assumption that ITA find rates are bounded below by some proportion γ ∈ [0, 1] of the find rates for non-ITA searches, and above by P r 1 , that is, P r 0 ∈ [γP r 1 , P r 1 ]. Note that γ = 1 corresponds to the KPT test, since in this case P r 0 = P r 1 = Q r , while γ = 0 corresponds to the AGO test. We can ask, for instance, to what extent do the differences in rejection rates depend on the fact that the AGO test allows ITA hit rates to be as low as zero, rather than bounding them below by 10 percent or 25 percent of the discretionary find rate?
For this parameterization, the bounds are given by:
In this case, we derived confidence intervals as in the AGO test. See the appendix for details.
[ Table 4 about here.]
[ Table 5 about here.]
In Table 4 we report results for five values of γ. We find that the rejection rate for drug finds on blacks remains essentially at the same level as under the AGO test until γ is above 0.75, while for Hispanics, nearly half of the difference between the two tests is gone by the time γ reaches 0.5.
In fact, if we look at the 95-percent confidence intervals for Hispanics, setting γ=0.25 increases the share of searches by rejected police forces by about 13 percentage points. With regards to black drivers, these results mean that even slightly lower success rates for ITA searches will result in much lower rejection rates, and hence it is important, as the AGO report claims, to take into account the role of ITA searches of black motorists before concluding in favor of racial bias. This does not appear to be the case in regards to Hispanics however; even success rates of zero on ITA search cannot explain away the large share of searches accounted for by police forces who fail the KPT test, and success rates on ITA search would have to be very low relative to non-ITA search in order for the share of searches not to increase significantly above the shares implied by our AGO test.
A similar question arises in explaining the gap between AGO and the HM results; how critical is it that ITA find rates be no greater than the discretionary find rate? We can ask, for instance, to what extent do the differences in rejection rates depend on the fact that ITA hit rates are bounded above by some number 10 percent or 25 percent greater than the discretionary find rate? We can carry out the tests under the assumption that ITA find rates are bounded above by some number between P r 1 and 1, that is P r 0 ∈ 0, P r 0 , where
. Note that λ = 1 corresponds to the AGO test, while λ = 0 corresponds to the HM test. From this parameterization, the bounds are given by:
.
In Table 5 we show the results from allowing λ ∈ [0.5, 1.0]. We find that for black motorists, the share of searches by biased police forces falls below 1 percent as λ falls to 0.5 when finds are measured as drugs or contraband, but that under the arrest rate measure, almost all the difference between the HM and the AGO results disappears once λ falls below 0.75. For Hispanics, the test gives results very close to the HM test for λ < 0.5 (not shown) for all three measures of search success. In general, as the minority row shows, the percent of searches by biased police is visibly greater than for the HM test for λ ≥ 0.75, but that the greatest share of additional rejections occurs when λ is increased from 0.875 to 1. Hence what is critical for the AGO test is that the ITA find rate be not much greater than the discretionary find rate, not that the ITA find rate is actually lower. 20
Other Predictors of Racial Bias
In general, it may be useful to know what sort of police forces tend to be biased. In particular, are these police forces the same ones that are identified as biased by more conventional tests of racial profiling? Are our results driven by a few large police forces? In this section we use census data for 20 We also conducted the bounds test with the opposite assumption, that ITA find rates were uniformly higher than discretionary find rates. The results of this test were closer to the HM test. The reason that this test is not as powerful as the AGO test is that, as Table 2 indicates, many police forces reported zero success rates for minorities. In these cases it is far more useful to have information that bounds the white success rate above zero than to have restrictions on the black find rates, which are point-identified when the observed success rate is zero. the counties in which these police are based in order to compute racial-composition benchmarks.
We also report the results of our test for the three of the largest police forces in the state.
[ Table 6 about here.]
In Table 6 we organize our results according to the traffic stop disparity index score of the police forces used in the Annual Report. This table shows searches ranked by the stop-disparity index and for each quintile of the stop-disparity distribution reports the fraction of non-ITA searches accounted for by law enforcement agencies that fail the AGO and KPT tests with 95-percent confidence intervals. The sum of the rows for each quintile under the AGO column add up to the corresponding row for the AGO test reported in Table 3 . Similarly for the KPT column.
We find that the relationship between racial disparity and indicators of biased policing is quite weak. First, at the top quintile of the disparity index, the probability of rejecting unbiased policing for a police force is quite low. For instance, using drug finds as search success, we find that police forces that fail the AGO test of bias against black or Hispanic drivers and that fall in the top quintile of the stop-disparity index account for only about 2 to 3 percent of all non-ITA searches.
Agencies that fail the KPT test in the top quintile represent about 3 to 6 percent of all non-ITA searches. Using contraband finds as search success, the fraction of non-ITA searches represented by police forces that fall in the top stop-disparity quintile and fail the AGO test of racial bias against blacks is about 3 percent, and about 3 percent for those agencies that fail the AGO test of bias against Hispanics. Agencies that fail the KPT tests of bias against blacks account for 6 percent, and about 3 percent for the test on searches of Hispanic drivers.
Such a low rejection rate might seem to be a consequence of the weakness of the AGO test, but our second result shows this not so: we reject unbiased policing for police forces at the bottom quintile of the index at rates that are not systematically lower than for the top quintile. Indeed, for Hispanics, the rejection rate is much higher at the bottom than the top of the distribution of the disparity index. For instance, the AGO test for drug finds rejects unbiased policing for agencies representing about 14 percent of all non-ITA searches by agencies in the bottom quintile of the search-disparity index. For blacks, the fraction of searches represented by police forces in the bottom quintile who fail the AGO test is about 0.6 percent. Hence, according to our tests, not only does the disparity-index approach identify too many police forces as racially biased, it also identifies the wrong ones. Of course, since our AGO test is quite conservative, in the sense that it allows ITA hit rates to be zero, it is not surprising that we reject at a low rate overall, but the fact that the correlation with the disparity index appears so low indicates that concerns with racial bias are not well served by focussing on the disparity index as a performance measure. 21
[ Table 7 shows that these account for about, respectively, 13 percent, 5 percent and 3 percent of all non-ITA searches in our data set.
The city departments account for much larger shares of searches of blacks: about 18 percent (St.
Louis City) and 10 percent (Kansas City). The State Police accounts for 24 percent of all non-ITA searches of Hispanics, and the city departments account only for about 2 percent (St. Louis City) and 8 percent (Kansas City). Under the AGO test for drug finds, we reject unbiased policing with respect to Hispanics for the State Police with all three measures of search success, and we reject unbiased policing with respect to Hispanics for the St. Louis City police department only when using Drug Finds as the measure of search success. Hence we conclude that both of these agencies are biased against Hispanic motorists. However with respect to searches of black motorists we do not reject unbiased policing for any of the three police forces. While the state police accounts for a large share of Hispanic searches, the fraction of Hispanic searches of police forces that fail the AGO test is much larger than this share, and even in the absence of this agency, we would still reject unbiased policing for forces representing about 10 to 15 percent of the searches of Hispanics.
[ Table 8 In Table 8 we present some statistics on demographic characteristics of police forces that fail the AGO test of unbiased policing behavior, and similarly for police forces that do not fail in Table 9 . When using drug or contraband finds as measures of search success, we learn that, on average, areas with police forces that are biased have a larger fraction of white population. These findings confirm the explanation we offered earlier for the fact that searches by police biased against minorities account for a much larger share of all discretionary searches than of searches of minorities.
We also learn that areas with police forces that fail the tests of unbiased policing against Hispanic drivers appear to be more affluent than areas where police forces do not fail the AGO test. This is indicated by the average and median values for the median household income, which are higher in areas with biased police forces, and by the average and median values for the poverty rate, which are lower in areas with biased police forces. Areas with police forces biased against black drivers appear to be less affluent that areas where police forces do not fail the AGO test. The fraction of sheriff departments appears to be higher among police forces that seem biased against minorities.
Finally, police forces that failed the tests of unbiased policing against black drivers conducted fewer stops and searches than polices forces which did not fail the tests, but police forces that failed the test of unbiased policing against Hispanic drivers conducted more stops and searches than police agencies which did not fail the tests.
The overall impression that emerges from this analysis is that black and Hispanic motorists are most at risk from biased police forces when travelling through areas where minorities represent a relatively small population share. It is not clear from the data why the patterns should differ, but it does suggest the possibility that blacks or Hispanics are searched because their skin color makes them seem more out of place in small white towns. This would be consistent with the opinion expressed by the court in State v. Dean, that good police work requires officers to be more suspicious of motorists who do not fit in with the local community. 22
Conclusion
In this paper we extended the KPT test for biased policing to cover cases where data were available only in the form of summary statistics. This allows the test to be applied to data sets covering a much larger number of motorists than was the case for previous applications, which were based on individual records, data which are rarely in the public domain. However when such aggregate data do not distinguish between the results of discretionary and non-discretionary searches, the test cannot be applied directly.
The 2001 Annual Traffic-Stop Report of the Missouri Attorney General's Office (AGO) covers 1,389,947 traffic stops. The report claims that differences in search-success rates by race should not be interpreted as evidence of racial bias because the statistics reflect mandatory as well as discretionary searches. We used bounds methods to develop tests for racial bias at the level of the individual police force that allow us to examine the plausibility of this explanation. We applied our bounds tests at the level of individual police forces, and found evidence in support of racial bias against African-American and Hispanic motorists, even when allowing for lower success rates of non-discretionary searches.
Our first test involved non-parametric bounds. These were quite wide, and did not permit rejection of unbiased policing except for a few police forces accounting for a very small fraction, about 2 percent, of all discretionary searches. By contrast, the KPT test resulted in rejection of unbiased policing for police forces accounting for 40 to 67 percent of searches when success was measured according to drug finds, and 40 to 65 percent for other measures. Since the KPT test does not allow for non-discretionary search, the larger rejection rates are not surprising. Thus these results are consistent with the statement in the AGO report.
We therefore refined our test by imposing a restriction that we inferred from the AGO statement: that success rates of non-discretionary searches are lower than for discretionary searches. We showed how this would theoretically tighten the bounds, as well as the confidence intervals around our nonparametric bounds. Our basic finding was that a large share of searches in Missouri are carried out by police forces who appear biased against minority motorists. Most of the bias appears to be directed against Hispanic rather then black motorists. The police forces that appear biased against black motorists tend to be found in areas with a relatively large white population.
We also found that restricting the lower bound on non-discretionary searches of minorities did not have a strong effect on the results for blacks until the lower bound rose above 75 percent of the find rate for discretionary searches, while for Hispanics, the measure of biased policing increased significantly for even relatively low values of this lower bound. Thus the AGO explanation is more persuasive with respect to blacks than Hispanics. We also found that allowing the non-discretionary find rate to rise as much as 25 percent above that for discretionary searches would still result in rejection rates substantially above those of the non-parametric bounds.
The AGO report suggests measuring the disparity between the population compositions of motorists searched and of locations residents as a rough guide to racial profiling. We find the whether this view is still acceptable, the point is that the court at that time felt that this was part of standard police practice. Our test results suggest that this practice is associated with biased policing that is not justified by the search outcomes. relation between this profiling measure and our measure of racial bias to be fairly weak. While for black motorists we are more likely to reject biased policing for agencies in the top quintile of the disparity index distribution, we only reject police forces in the top quintile that account for about 3 percent of all discretionary searches. For Hispanic motorists, we are much more likely to reject police forces in the bottom quintile of the disparity index than at the top, indicating that the disparity index is not useful for identifying racial bias.
Finally, our result that a significant number of searches are carried out by racially biased police forces is not the result of a few large, biased, police forces. For the three largest police forces in the state, we do not reject unbiased searches with respect to blacks. However we do find that the searches by the State Police are biased against Hispanics. While the State Police accounts for a large share of searches of Hispanics, we rejected unbiased policing with respect to a much larger share.
State data collection efforts could make testing easier with some improvements in the way they present the traffic statistics to the public and researchers. First, states should emphasize the collection of outcome variables, such as the nature and quantity of contraband found, as well as citations and arrests resulting from the search. In addition, it would be extremely helpful if the statistics reported tabulated the outcomes of discretionary and non-discretionary searches separately. While our tests are able to extract some information from the combined statistics currently issued, the actual share of searches accounted for by biased police may be significantly higher than what our results suggest.
The model that gives rise to our tests is based on a few key economic assumptions that could be the focus of future research. For instance, we assume that police act as though they were maximizing the number of arrests, and that they are aware of the probability of guilt conditional on observables.
Likewise, we assume that motorists are aware of the probability of being searched, and that the risk of search deters them from carrying contraband. While standard for economic modelling, these assumptions are not known to be true, and our results should be viewed as illustrating the potential of the economic approach rather than as definitive judgments. 23 Subject to the above proviso, our results suggest that police bias or animus against minorities is a plausible explanation of at least some of the disparate impact faced by minorities in Missouri, and that therefore the problem of disparate impact by race could be significantly reduced without reducing police effectiveness. According to Kennedy (1997) , the mainstream view of the courts, at least until recently, was that "race can be appropriately used as a factor of suspicion... so long as this use of race is reasonably related to law enforcement and not a mere pretext for racial harassment". In the case of Missouri, to the extent that the objective of discretionary motor-vehicle searches is to detect the transport of contraband, it appears that a significant share of the excess burden faced by minorities is unrelated to law enforcement.
23 Alternative economic interpretations of racial patterns in police search data are offered in Dharmapala and Ross (2004) and Bunzel and Marcoul (2003) ; these argue that the KPT test is in fact too weak, and that equal find rates can arise even when the police are racially biased.
Appendix: Confidence Intervals for Search Success Rates
For each of the different cases that we examine, we follow Horowitz and Manski (2000) and construct 100×α percent confidence intervals for the identification bounds of the form P L − D,P H + D , solving for a level of D to ensure that, conditional on the probability of non-discretionary search, the probability of coverage of the identification region [P L , P H ] is at least α :
In the following sections, we derive an expression containing D that can be easily solved numerically.
For our tests we compute values of D for each race-agency cell, and check whether the results imply that the confidence interval for white motorists lies above that for minority motorists.
A HM Bounds
LetQ indicate the sample search success rate in a race-agency cell with N searches. Since successes in each search are independent of success in other searches carried out by the agency,Q follows a binomial distribution, with expectation Q and variance σ 2 = Q (1 − Q). Standard asymptotic results imply convergence to the standard normal distribution:
According to equation (4), after suppressing the race superscript, the discretionary find rate is somewhere inside the identification region:
The sample analog of this interval is Imbens and Manski (2003) we construct a confidence interval for the parameter P 1 of the form P L − D,P H + D with the distance D constructed to guarantee that
Using the formula for the true value of P 1 , derived from equation (3),
Conditioning onπ and rearranging we obtain:
To implement this, we set the parameters σ and π to their observed values; thus D must solve:
Using the fact that this expression is concave in P 0 , the probability is minimized at each of the end points P 0 ∈ {0, 1}. So letting P 0 = 0 (which yields the same value as P 0 = 1) we must set D so
B AGO Bounds
For this and the remaining cases we follow Horowitz and Manski (2000) and construct 100×α%
confidence intervals for the identification bounds with the form P L − D,P H + D . The bounds assume that the search success rate for non-discretionary searches is lower than for discretionary searches, P r 0 ≤ P r 1 , as in equation (5). Suppressing again the race superscript, the bounds arê
The distance D in the confidence intervals is constructed to ensure that, conditional on the probability of a non-discretionary search, the probability of coverage of the identification region [P L , P H ] is at least α :
Replacing the expressions for the bounds and after some manipulations, we can express the above
We determine D by replacing the parameters σ and π with their sample values:
B.1 Parameterized Bounds

B.1.1 AGO and KPT
In this case, the bounds are constructed under the assumption that P r 0 ∈ [γP r 1 , P r 1 ]. Notice that setting γ = 0 is equivalent to the AGO bounds defined above, and setting γ = 1 is equivalent to assuming that P r 0 = P r 1 = Q r , which yields the test where we do not account for the effect of non-discretionary searches. The bounds are given bŷ
The coverage probability is given by
Replacing the sample values of σ and π, we have that D must solve the following expression:
Notice that setting γ = 1, in the KPT case, the constant reduces to
which yields the standard confidence intervals for the sample success rateQ. 24
B.1.2 AGO and HM
In this case the bounds are constructed assuming that the search success rate of non-discretionary searches is bounded above by a number that may exceed the search success rate of discretionary searches. To implement this, the upper bound is set at the value of P 1 corresponding to P 0 = 0, i.e., P H = Q 1−π . We then parameterize the lower bound to cover values of P 0 ∈ [P 1 , 1] by setting P 0 = λP 1 + (1 − λ), and letting λ ∈ [0, 1]. Thus when λ = 0 we have P 0 = 1, which gives us the same lower bound as in the HM bounds, P L = Q−π 1−π , and when λ = 1, we have P 0 = P 1 , which gives us the lower bound as in the AGO bounds, P L = Q. The expressions for the bounds are then
The expression for the coverage probability reduces in this case to
Therefore D must solve the following expression. 
